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ABSTRACT
There are fundamental differences between the face-to-face
instruction model and that of Massive Open Online Courses.
This paper hypothesises that despite these fundamental dif-
ferences, the success factors in these learning contexts are
comparable. The factors contributing to student success
might be related to the same basic principles, even if mani-
festing themselves differently in each context - especially as
the very definition of success is closely dependent on what
can be measured. Learning analytics can help to uncover the
indicators which have the potential for identifying students
at-risk and for institutions to exercise a timely intervention.
Categories and Subject Descriptors
J.4 [Computer Applications]: Social and Behavioural
Sciences.; H.1.2 [User/Machine Systems]: Human infor-
mation processing.; K.3.m [Computers and Education]:
Miscellaneous.
Keywords
Learning analytics, higher education, MOOCs, face-to-face
instruction.
1. CONTEXT
Educational stakeholders seek to understand how to help
students to be successful in their learning, both at a per-
sonal and an institutional level. The ultimate tool for Higher
Education institutions (HEI) would be one with which at-
risk students are promptly identified and given adequate,
timely support, so that they can remain on track and “suc-
ceed”in their academic studies. Academic success can be ap-
proached, however, from various perspectives: student satis-
faction, retention, completion, achievement and progression.
Firstly, student satisfaction, though arguably subjective and
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by nature difficult to link to traditional performance indica-
tors, can have follow-on effects on recruitment to courses, as
well as retention and completion. HEI regularly conduct sur-
veys of student satisfaction and the results are increasingly
taken into account by prospective students when selecting a
place to study. Successful progression can be argued as rele-
vant at a personal level (e.g. a student may wish to progress
to a postgraduate course on completion of their first degree),
but is also relevant at an institutional level when within the
institution or if the progression is regarded as that from one
level to the next within a given programme. Additionally,
and increasingly so, many HEI offer Massive Open Online
Courses (MOOCs) to raise their profile and broaden their
curriculum, which can ultimately attract highly-motivated
students to progress from the taster-like, short, online course
to a mainstream full course.
Retention, completion and achievement are, like the previ-
ously mentioned two aspects of success, regularly monitored
by HEIs, and have a long tradition in higher education re-
search. Retention is the scope to which learners persist
within the HEI [3] or continue their studies at the institution
(as opposed to “dropping out”, which is a specially challeng-
ing problem in online learning in general and in MOOCs in
particular [4]); completion is the rate of the annual intake of
student who finish their studies on obtention of their qual-
ification; and achievement is the performance as evaluated
for the purposes of degree classification or similar.
There is substantial research on these approaches to mea-
suring academic success. In particular, learning analytics
are concerned with the analysis of data to extract charac-
teristics of students and learning activity that could charac-
terise student performance and offer a predictive model for
achievement, typically to inform stakeholders at educational
institutions [1, 5, 7, 8]. This area of research is relatively new
but it has strong foundations of decades of research (mostly
US-centric) [6], from where factors influencing student suc-
cess as defined earlier in traditional contexts have been iden-
tified – mainly conditioning factors such as academic ability
as demonstrated via admission tests and socioeconomic sta-
tus, as well as whether there has been delayed entrance to
the educational system (regardless of the reason). Other
factors explored in the literature are the size of the institu-
tion, the existence of student loans, and the field of study
chosen, all of which to greater or lesser extent, have an effect
in either retention, completion or both.
The educational landscape is in constant change, particu-
larly with the proliferation of MOOCs and VLEs to support
F2F instruction. So, it is of interest to explore the data
trail students generate navigating this landscape to gain in-
formation to a) predict success and b) offer a model for
achievement. It is important to look at what elements of this
form of tuition are associated with the most successful out-
comes, to inform stakeholders and support decision-making
for timely student interventions. Because of this, leading
institutions across the world have been using learning ana-
lytics and making plans to use them to improve the quality
and productivity of their operation [9, 10].
2. RESEARCH QUESTIONS
The overarching questions of concern are whether there are
measurable factors for learning success that are common to
the context of F2F instruction and MOOCs, and whether a
parallel can be drawn despite the differences in educational
context in these models of interaction. What can be learned
via learning analytics? To pursue these questions, we need
to look closely at data from both worlds, asking context-
dependent questions to each dataset.
In particular, questions that can be asked to MOOC data
are: What are the predictors of participants completion?
Does the composition of various types of MOOC activities
have a measurable effect on participants completion? What
type of activity students complete/engage on the best? Does
the perceived difficulty of activities have a measurable effect
on completion?
In the F2F context these questions become: What are the
predictors of student retention? Are there factors in the ini-
tial demographics which can predict non-completion? What
type of modules students complete/engage on the best? Do
past failures predict areas of future failure? Do students fail
in certain modules rather than others? Is a failure on an
early module more predictive of future failures than failures
on later modules? Does the perceived difficulty of modules
have a measurable effect on completion?
3. METHODOLOGY
Algorithms of machine learning implemented in the Weka
toolset [2] will be applied to two datasets comprising student
data. The first of these datasets is from an HEI providing
F2F instruction and the other from a MOOC provider. The
former contains data from three cohorts of 700+ students
each enrolled at the Engineering undergraduate programme
of the University of Chile (between 2010 and 2012). This
course is a professional degree of 6 years of duration which
includes a bachelor in engineering and sciences organised in
semesters. The dataset contains student data for modules
of the foundation curricular stage (the first three semesters
of the degree). At this institution, programs are designed
to be finished in either 10 or 12 semesters, but reportedly
students typically complete their engineering programs in
no less than 16 semesters, making it critically interesting for
this HEI to understand the factors that influence student
success. Specifically in the dataset, besides the general con-
ditioning factors (what is known about the student during
admission) related to students, there is detailed performance
information in each of the modules taken (at the end of
the semester but also with up to three interim evaluations),
which could be used to investigate some of the questions
presented in Section 2.
The remaining questions in Section 2 can be explored us-
ing the second dataset of interest, which refers to data col-
lected the “Understanding Language” FutureLearn MOOC,
provided by the University of Southampton in 2014 to 12,457
participants. This free course ran over four weeks, with an
expectation of three-hours a week commitment for partici-
pants to engage in a selection of activities (videos, audios,
texts, discussions or exercises). This dataset contains de-
tailed performance information of the participant in these
activities, specifically when did each activity first was at-
tempted and last completed (if at all). A model for affective
states, such as perceived difficulty of the task, frustration
and boredom will be applied (similar to that in [8]).
Finally, analysing the findings from both studies will ad-
dress the overarching research questions, establishing the
commonalities and differences in factors for academic suc-
cess in both educational contexts.
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